Introduction
============

Depression is a serious, common, and recurring disorder linked to diminished functioning, quality of life, medical morbidity, and mortality \[[@ref1]\]. There has been a 37.5% increase in health life years lost to depression over the past two decades \[[@ref2]\]. Depression was the third-leading cause of global burden of disease in 2004 and the leading cause of burden of disease in high- and middle-income countries. It is projected to be the leading cause globally in 2030 \[[@ref3]\]. While effective treatments for depression are available, they are underused. Barriers to treatment include geography, socioeconomic status, system capacity, treatment costs (direct and indirect), low mental health literacy, cultural beliefs, and stigma \[[@ref4],[@ref5]\]. A 2010 study found that 75% of primary care patients with depression in urban areas could identify more than one structural, psychological, cultural, or emotional barrier to accessing behavioral treatments. The rate was substantially higher in rural areas \[[@ref6]\].

Information and communication technologies (ICTs) hold tremendous promise to expand the reach of quality mental health care \[[@ref7]\] and close the treatment gap for depression. A meta-analysis \[[@ref8]\] examining the effectiveness and acceptability of computer-based therapy for anxiety and depressive disorders found that computer-based therapy showed superiority in outcome over the control groups with substantial effect sizes. The study also found that adherence and satisfaction were good, suggesting acceptability. These findings were echoed in other meta-analysis studies of computer-based treatments for depression \[[@ref9],[@ref10]\]. With the ever-increasing ubiquity and sophistication of ICTs, namely the evolution to mobile devices (ie, smartphones, tablets, and phone tablets or "phablets"), there is potential to further expand the reach of mental health treatment through mobile health (or mHealth). The emergence of a commercial marketplace of software for mobile devices (or apps) has given users the ability to personalize their devices to cater to their health and informational needs by purchasing or downloading apps at their convenience \[[@ref11]\]. These apps can help support a variety of useful tasks such as self-assessment, symptom monitoring, psychoeducation, psychological therapy, and psychotherapy skills training \[[@ref12]\].

Many consider apps as an opportunity to increase patient access to evidence-based mental health (and addictions) treatments \[[@ref13]-[@ref17]\]; however, many apps fail to incorporate evidence-based practices, health behavior theory, or clinical expertise \[[@ref17]-[@ref19]\] into the design of the app. For instance, smoking cessation apps are found to have low adherence to evidence-based practices \[[@ref20],[@ref21]\] and insufficiently incorporate behavioral theory \[[@ref22]\]. A study on addiction recovery apps found that only six of the 52 app developers had clinical experience or used academic or clinical advisors in the development of apps; additionally, none of the app store descriptions mention any evaluation of the apps \[[@ref23]\]. The lack of reported evaluations is also seen in scientific literature, as the current body of evidence is marginal in comparison to the number of mental health apps available. In 2013, there were only 32 published articles on depression apps in comparison to the 1536 available in the marketplace \[[@ref24]\]. A 2013 systematic review \[[@ref14]\] found only four studies (3 randomized controlled trials and 1 pre-post) evaluating three different depression apps. Two apps demonstrated a significant reduction in depression \[[@ref25],[@ref26]\]; however, none of the apps were publicly available at the time of that review.

The discrepancy between availability and evaluation is problematic because many of these products will continue to be marketed with unfounded claims of health improvement to attract health consumers \[[@ref27]-[@ref29]\]. To better understand what types of apps are offered to those seeking support for depression, this study aimed to identify the mHealth offerings in the mobile app marketplace and characterize the information provided to health consumers in the app store descriptions. This study asked the following research questions: (1) What mobile apps are available for people in treatment for depression, as well as for their families, including informal caregivers? (2) What are the commercial characteristics of depression apps? (3) What are the main purposes of depression apps? and (4) How do depression apps claim to support users in the store description?

Methods
=======

Overview
--------

We used a systematic review and content analysis approach based on a study by Bender et al \[[@ref30]\] to guide the collection and characterization of available depression apps. The review was carried out on the five major app stores: Apple (iTunes), Android (Google Play), BlackBerry (AppWorld), Nokia/Symbian (Ovi), and Windows Mobile (Marketplace). On March 5, 2013, we entered the keyword "depression" into the search field on each of the four marketplace websites. The Apple apps were accessed through the iTunes interface using the same search term. The search term was applied across all store categories in the five instances. The two reviewers (MJL and NS) recorded the links and the titles of apps found in the search yield. Based on their availability, one reviewer (NS) compiled apps found in iTunes and the other (MJL) focused on the remaining app stores. For the eligibility assessment of the apps, the entire inventory was split into two equal samples for independent review.

Selection Criteria
------------------

Apps were organized as either "potentially relevant" or "not relevant" based on the app title, store description, and available screenshots. Apps were categorized as "potentially relevant" and included in the final analysis if they met three criteria: (1) the term "depression" was in the title or store description, (2) the app targeted health consumers (ie, those who self-identify as needing support for depression, including family or caregivers), rather than health care professionals, and (3) the app had an English-language interface or English translation (if in another language).

Apps were excluded from the study if they did not provide sufficient information, did not have a clear focus on depression, used the term depression in an unrelated context (eg, the Great Depression), used the term depression as a keyword in a list of unrelated items or as background information, and were duplicates appearing in multiple markets or for other devices (ie, optimized for tablets). The duplicate that provided the most information for data extraction was retained based on the following hierarchy (most to least information): Google Play, iTunes, AppWorld, Ovi, and Marketplace.

After independent screening for relevance, the 2 reviewers exchanged a random selection of 5% (104 apps) of their search yields to verify eligibility. Interrater reliability (IRR) of the random samples, as determined by Cohen's kappa (kappa=.77, *P*\<.001), was statistically significant. According to Landis and Koch's guidelines \[[@ref31]\], the score indicated that there was a "substantial agreement" between the 2 reviewers. Because the IRR exceeded the pre-determined minimum kappa threshold of .7, independent reviews of the whole sample were not required. Disagreements found in the exchanged sample were resolved by consensus.

Data Extraction and Coding
--------------------------

Information was extracted from the store descriptions of the apps for the following variables: commercial information (ie, year of release/update, cost, developer name, audience, downloads), organizational affiliation, content source, main purpose, user interface, media type, and popularity (ie, rating, number of raters, number of comments). The 2 reviewers (MJL and NS) collectively and iteratively developed a preliminary coding scheme by analyzing the content of 20.5% (108/528) of randomly selected "potentially relevant" apps. The coding for the main purpose variable used the Luxton et al \[[@ref17]\] classification of mental health app (ie, self-assessment, symptom monitoring, psychoeducation, psychological therapy, psychotherapeutic skills training) as the foundation for development. An IRR test of 20.4% (22/108) of this pilot sample was conducted to evaluate understanding and application of the codes. The results were all significant (*P*\<.001), yielding "almost perfect" agreement for exclusion (kappa=1.00), affiliation (kappa=.91), content source (kappa=1.00), and user interface (kappa=.91). There was "substantial agreement" for main purpose (kappa=.77) and "moderate agreement" for media type (kappa=.49) \[[@ref31]\]. The discrepancies in coding for the multimedia variable were discussed, and problem areas were identified and resolved. The final coding scheme is outlined in [Table 1](#table1){ref-type="table"}.

The remaining sample was divided for data extraction based on odd and even numbering to ensure that the reviewers had equal proportions of apps from each marketplace. After independent review, 20% (combined 41 apps) of each reviewer's sample was randomly selected, exchanged, and coded to assess IRR. The results were all significant (*P*\<.001) with "almost perfect agreement" for affiliation (kappa=.89) and main purpose (kappa=.83), and "substantial agreement" for user interface (kappa=.74). There was also "substantial agreement" for media type (kappa=.68); however, the low kappa (kappa\<.70) required the reviewers to examine and understand the discrepancies in coding and correct the coding within each of their respective samples. This process was also applied to content source (kappa=.53). Flagged apps were collectively reviewed for inclusion and then coded. Because the exclusion criteria became more nuanced during this process, apps that were labeled not relevant were also collectively reviewed and coded if they were considered relevant.

###### 

Final codebook for content analysis.

  Variable                     Code                                                                                                                                                                                                                                                                  Description
  ---------------------------- --------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------- --------------------------------------------------------------------------------------------------------------------------------------------------------
  Organizational affiliation   UNI                                                                                                                                                                                                                                                                   UNIVERSITY: Produced in affiliation with a university or other academic institution
  MEDC                         MEDICAL CENTER: Produced in affiliation with a medical institution                                                                                                                                                                                                    
  GOVT                         GOVERNMENT: Produced in affiliation with a government institution                                                                                                                                                                                                     
  INST                         INSTITUTION: An explicit association (ie, foundation, center, NGO, church)                                                                                                                                                                                            
  OTHER                        OTHER: There is a clear but unclassifiable affiliation (eg, LLC, LLP, Inc.), not .com                                                                                                                                                                                 
  INSUFF                       INSUFFICIENT: The affiliation cannot be confirmed by available info                                                                                                                                                                                                   
  Content source               EXP                                                                                                                                                                                                                                                                   EXPERT: Developed by/with an accredited medical professional (eg, Dr., LCSW)
  EXT                          EXTERNAL SOURCE: From specific external source (eg, BDI, DSM, Bible) but not "based on" or inspired by a theory/practice (eg, cognitive behavioral therapy)                                                                                                           
  LAY                          LAYPERSON: Source identified but no credential mentioned. Non-medical expertise clearly indicated by detailed bio or qualifier (eg, years of experience)                                                                                                              
  PLE                          PERSON LIVED EXPERIENCE: Indication that app is developed by people with lived experience                                                                                                                                                                             
  INSUFF                       INSUFFICIENT: No direct information provided about origin of intervention                                                                                                                                                                                             
  Audience                     ADULT                                                                                                                                                                                                                                                                 ADULT: Adult or high maturity, age 18+
  YADULT                       YOUNG ADULT: Medium maturity, age 12+                                                                                                                                                                                                                                 
  YOUTH                        YOUTH: Low maturity, age 9+                                                                                                                                                                                                                                           
  ALL                          ALL: "Everyone," age 4+, "general," no rating                                                                                                                                                                                                                         
  Main purpose                 PE                                                                                                                                                                                                                                                                    PSYCHOEDUCATION: Educational material that includes books or guides, news or journal articles, commentaries/opinions, tips, and lessons
  MA                           MEDICAL ASSESSMENT: Allows users to screen, diagnose, assess risk, determine treatment                                                                                                                                                                                
  SM                           SYMPTOM MANAGEMENT: Allows users to track symptoms -- only for mood diaries                                                                                                                                                                                           
  SR                           SUPPORTIVE RESOURCES: Provides referrals for help or connects users with support. May include the use of forums                                                                                                                                                       
  TT                           THERAPEUTIC TREATMENT: Provides therapy and includes functions that support relaxation (eg, hypnosis, binaural beats); meditation, spiritual faith-based solutions; holistic therapy (eg, diet, exercise, nutrition, lifestyle, cannabis); and positive affirmation   
  MULTI                        MULTIPLE PURPOSES: Use only if indistinguishable overlap of categories                                                                                                                                                                                                
  User interface               INFO                                                                                                                                                                                                                                                                  INFORMATION ONLY: Static user interface that provides minimal interaction (eg, e-book). The only interactions available are for settings or navigation
  TOOL                         TOOL: Dynamic user interface that provides an interactive component to app (ie, games, social media consultation) or allows users to input data                                                                                                                       
  Media type                   AUD                                                                                                                                                                                                                                                                   AUDIO: Audio only (with supporting background images/text)
  TXT                          TEXT ONLY: Text only (with supporting background images) -- eg, e-book                                                                                                                                                                                                
  PIC                          PICTORIAL: Pictures only (eg, wallpaper)                                                                                                                                                                                                                              
  VID                          VIDEO: Video only                                                                                                                                                                                                                                                     
  VIS                          VISUAL: Animations or graphics or charts (ie, no audio or video)                                                                                                                                                                                                      
  MULTI                        MULTIMEDIA: Used more than one of the categories above                                                                                                                                                                                                                
  INSUFF                       INSUFFICIENT: Not enough information to determine types of media used                                                                                                                                                                                                 

Data Analysis
-------------

Cohen's kappa and descriptive statistics were computed using SPSS version 20. Chi-square tests of independence examined the relationship between the variables data source, user interface and multimedia, and the main purpose of the app. Statistical significance was set at *P*\<.05. The option to collapse the values within a variable to fulfill the expected cell frequency assumptions of chi-square tests was explored if the research team viewed it as a logical transformation.

Results
=======

General Characteristics
-----------------------

The initial search yielded 1054 apps, of which 53 were excluded as duplicates (31 were available in two stores, eight in three stores, two in four stores, and one in all stores). Of the remaining apps, 243 met the inclusion criteria. [Figure 1](#figure1){ref-type="fig"} shows the exclusion of apps at the various stages of the study. See [Multimedia Appendix 1](#app1){ref-type="app"} for a list of the included apps.

Windows (4.5%, 11/243), Nokia (2.5%, 6/243), and BlackBerry (2.5%, 6/243) accounted for less than 10% of the included sample, as the majority of apps were from the Google (53.5%, 130/243) and Apple (37.0%, 90/243) marketplaces. The apps spanned 32 different store categories, with 79.9% (194/243) of the apps found under four categories: health and fitness (41.2%, 100/243), medical (17.3%, 42/243), lifestyle (14.4%, 35/243), and books (7.0%, 17/243). Six (2.5%, 6/243) apps had no categorization. The average price for paid apps (152/243; 62.6%) was CAN \$3.15 and ranged from \$0.99 to \$15.99. The majority of paid apps (73.7%, 112/152) were sold for less than \$4.99, with the mode price of \$0.99 (18.9%, 46/243).

Only the release date was provided by the iTunes store, whereas Google Play, BlackBerry, and Windows provided dates of the last app update. Nokia did not provide this information. The earliest date reported by the app stores was 2009 (3.7%, 9/243). Two-thirds (66.0%, 156/237) of the apps were released or updated in 2012 (36.2%, 88/243) and the first quarter of 2013 (28.0%; 68/243). Google Play was the only market that reported the number of installs (ie, downloaded and installed on an Android mobile device) and was reported in ranges; 40 apps (30.8%, 40/130) were installed less than 50 times. The most frequent ranges of installation were 100-500 and 1000-5000, each registering 16.9% (22/130) of the sample. One app (0.4%, 1/243) was installed in the 1 million to 5 million range, and four apps fell into the 100,000 to 500,000 range.

![Flow diagram illustrating the exclusion of apps at various stages of the study.](mhealth_v3i1e16_fig1){#figure1}

Developers and Affiliations
---------------------------

There were 190 developers in the sample, with 35 accounting for multiple apps. Of this group, 27 developers created two apps, three developed three apps, and four developed four apps. The top developer, MOZ, created nine apps. Only 5.3% (10/190) of the developers were either medical centers (1.0%, 2/190), universities (1.0%, 2/190), and institutions (3.2%, 6/190). A total of 56 developers indicated that they were a commercial developer (eg, LLC, LLP, Inc.), while 124 developers did not provide sufficient information about their affiliation.

Depression Apps Ratings
-----------------------

Of the 113 rated apps (46.5%, 113/243), there was an average of 37.2 raters (95% CI 21.6-52.81) per app. One app had 583 raters. The average rating (out of five stars) was 3.5 stars (95% CI 3.3-3.7). There was an average of 5.9 comments per rated app (95% CI 4.2-7.7), with a range from zero to 56 comments.

Overall Picture of Depression Apps
----------------------------------

Over 80% of the apps had the main purpose of providing therapeutic treatment (33.7%, 82/243), psychoeducation (32.1%, 78/243), or medical assessment (16.9%, 21/243). Apps with multiple purposes accounted for 7.4% (18/243) of the sample. Only 38.3% (93/243) of the apps reported the content source in sufficient detail and mainly cited an external (17.7%, 42/243) or expert (14.0%, 30/243) source. The majority (72.4%, 176/243) featured a dynamic user interface. Over half of the apps were text-only (51.9%, 126/243), while 14.4% (35/243) used multiple forms of media. [Table 2](#table2){ref-type="table"} summarizes the distribution of apps across the different variables.

The chi-square tests of independence yielded significant results (*P*\<.001); however, the expected cell count assumption was violated in all cases. Two variables, affiliation and content source, were collapsed into binary variables. The chi-square analysis for affiliation (ie, sufficiently or insufficiently reported) and main purpose showed that there was no relationship between the two variables (χ^2^ ~5~=8.8, *P*=.12). The content source variable (ie, sufficiently or insufficiently reported) showed a significant (χ^2^ ~5~=50.5, *P*\<.01) association between the main purpose of the app and the reporting of the source. An ad hoc analysis was conducted between media type and user interface, which yielded a significant relationship between the two variables (χ^2^ ~4~=46.3, *P*\<.01).

###### 

Distribution of depression apps by variable and main purpose.

  ------------------------------------------------------------------------------------------------------------------------------------------------------------------
  Variable and Value          Main purpose, n (%)^a^                                                                                                     
  --------------------------- -------------------------------- ------------- ----------- ------------ ------------ ----------- ------------ ------------ -----------
  Overall^b^                  82 (33.7)                        78 (32.1)     41 (16.9)   20 (8.2)     4 (1.6)      18 (7.4)    243                       

  **Affiliation** ^c^                                                                                                                                    

  \                           **Reported** ^b^ **85 (35.0)**                                                                                             

  \                           \                                Institution   1 (1.2)     2 (2.6)      \            1 (5.0)     3 (75.0)     \            7 (2.9)

  Academic                    \                                \             1 (2.4)     \            1 (25.0)     \           2 (0.8)                   

  Medical center              1 (1.2)                          \             1 (2.4)     \            \            \           2 (0.8)                   

  Other                       27 (32.9)                        21 (26.9)     14 (34.1)   6 (30.0)     \            6 (33.3)    74 (30.5)                 

  Insufficient information    53 (64.6)                        55 (70.5)     25 (61.0)   13 (65.0)    \            12 (66.6)   158 (65.0)                

  **Content source** ^c^                                                                                                                                 

  \                           **Reported 93 (38.3)**                                                                                                     

  \                           \                                External      8 (9.8)     6 (7.7)      21 (26.9)    1 (5.0)     1 (25.0)     5 (27.8)     42 (17.3)

  Expert                      3 (3.7)                          10 (12.8)     11 (26.8)   \            \            6 (33.3)    30 (12.3)                 

  Patient lived experience    \                                7 (9.0)       1 (2.4)     2 (10.0)     \            1 (5.6)     11 (4.5)                  

  Layperson                   9 (11.0)                         1 (1.3)       \           \            \            \           10 (4.1)                  

  Insufficient information    62 (75.6)                        54 (69.2)     8 (19.5)    17 (85.0)    3 (75.0)     6 (33.3)    150 (61.7)                

  **User interface**                                                                                                                                     

  \                           Tool (dynamic)                   75 (91.5)     18 (23.1)   41 (100.0)   20 (100.0)   4 (100.0)   18 (100.0)   176 (72.4)   

  Information only (static)   7 (8.5)                          60 (76.9)     \           \            \            \           67 (27.6)                 

  **Media type** ^d^                                                                                                                                     

  \                           Text only                        17 (20.7)     61 (78.2)   35 (85.4)    4 (20.0)     2 (50.0)    7 38.9)      126 (51.9)   

  Audio only                  36 (43.9)                        3 (3.8)       \           \            \            \           39 (16.0)                 

  Multimedia                  16 (19.5)                        9 (11.5)      1 (2.4)     3 (15.0)     2 (50.0)     4 (22.2)    35 (14.4)                 

  Visual                      8 (9.8)                          4 (5.1)       4 (9.8)     11 (55.0)    \            7 (38.9)    34 (14.0)                 

  Pictorial                   5 (6.1)                          \             \           1 (5.0)      \            \           6 (2.5)                   

  Insufficient information    \                                1 (1.3)       1 (2.4)     1 (5.0)      \            \           3 (1.2)                   
  ------------------------------------------------------------------------------------------------------------------------------------------------------------------

^a^Calculated as percentage within main purpose category; TT=therapeutic treatment, PE=psychoeducation, MA=medical assessment, SM=symptom management, SR=supportive resources, MP=multiple purposes.

^b^Total was calculated as percentage within the whole sample (N=243).

^c^The denoted variables were collapsed into binary categories for chi-square analysis.

^d^None of the apps were video based.

Characterization of Apps by Main Purpose
----------------------------------------

### Therapeutic Treatment

Audio (44%, 36/82) was the most frequently used media for therapeutic treatment apps, which accounted for 92% (36/39) of audio apps found in the entire sample. Similarly, therapeutic treatment apps most frequently used multimedia, which represented 46% (16/35) of multimedia apps in the entire sample. Half (41/82) of the therapeutic treatment apps supported audio therapy in the form of hypnosis (n=14), brainwave entrainment (n=23), music therapy (n=3), or nature sounds (n=1). Five of the audio therapy apps included other types of media. One hypnosis app used visual media only. Nine of the 11 relaxation therapy apps reported layperson as the source, which accounts for 90% (9/10) of the layperson-sourced apps in the sample. Other types of therapy included spiritual/faith-based (n=10), entertainment (n=10), positive affirmation (n=7), behavior training (n=7), and light/visual (n=3). Two apps provided exercise-based therapy consisting of breathing techniques and yoga. One app focused on diet and one provided activity suggestions. There were ten apps that provided cognitive behavioral therapy and were classified under the multipurpose category.

### Psychoeducation

The psychoeducation category of apps predominantly used a static (ie, read-only) interface (n=60) and represented 90.0% (60/67) of the static interface apps in the sample. The most frequently used media was the text-only category (n=61) and represented roughly half of all text-only apps (48.4%; 61/126) in the entire sample. Fifty psychoeducation apps were general e-books about depression, of which two were fiction and seven were reference manuals (ie, medication library), 12 apps provided tips or advice on how to overcome depression, and 11 apps provided education through learning modules or lessons. Five apps provided a collection of resources such as news and journal articles. The psychoeducation category had the greatest number of apps based on patient lived experience (n=7). Five of these were general e-books, one provided tips, and one provided lessons.

### Medical Assessment

Of the medical assessment apps, 33 (81%; 33/41) reported the content source, which is the highest proportion and number of sourced apps within a main purpose category. External sources were reported 21 times and used 11 different questionnaires. The most frequently used questionnaire was the Patient Health Questionnaire (PHQ-9) \[[@ref32]\], used in eight apps. The Beck Depression Inventory 2 \[[@ref33]\], Geriatric Depression Scale \[[@ref34]\], and M3 Questionnaire \[[@ref35]\] were all used twice. The Automatic Thoughts Questionnaire \[[@ref36]\], Center for Epidemiology Studies Depression Scale \[[@ref37]\], Edinburgh Postnatal Depression Scale (EPDS) \[[@ref38]\], Goldberg Depression Questionnaire \[[@ref39]\], Quick Inventory of Depressive Symptomology Questionnaire \[[@ref40]\], and Zung Self-Rating Depression Scale (SDS) \[[@ref41]\] were each used once. The Psychological Tests App contained multiple depression questionnaires. The 11 expert-sourced apps did not provide a specific questionnaire but mentioned in the description that a medical professional (ie, physician or psychologist) developed the app or that the questionnaire was used in practice. One app contained a questionnaire based on patient lived experience. With the exception of five apps, all the apps were text-only.

### Symptom Management

Only 15% (3/20) of symptom management apps reported the content source, the lowest proportion of all the main purpose categories. Over half of the symptom management apps used visual media (55%; 11/20). Nine apps allowed users to track their moods and eight tracked lifestyle factors (eg, mood, sleep, diet, medication, exercise). Two apps allowed users to keep a journal, and one app used a checklist system.

### Supportive Resources

Half of the apps (50%; 2/4) were text-only, while the other half were multimedia. One app reported the content source and cited an external source. Two apps provided resources (online and offline) and references for help. The other two apps connected users to a community via online forums.

### Multipurpose

Two-thirds (67%; 12/18) of the multipurpose apps reported the source, with almost all citing an expert (n=6) or external (n=5) source. All the apps used text (n=7) or visual (n=7) as the primary media. Four apps were multimedia, and 17 apps (94%; 17/18) used a combination of medical assessment and symptom management. Ten of these apps specifically focused on cognitive behavioral therapy (CBT), while seven used a questionnaire and allowed users to track depression over time. The questionnaires consisted of PHQ-9 (n=2) \[[@ref32]\], EDPS (n=1) \[[@ref38]\], and SDS (n=1) \[[@ref41]\]. One app used a proprietary questionnaire (Treatment Depression Inventory). Two apps did not specify the questionnaire. One app provided therapeutic treatment through meditation exercises and also provided psychoeducation about the exercises and CBT. [Figure 2](#figure2){ref-type="fig"} presents a summary and distribution of the different app functions.

![Distribution of depression apps by function.](mhealth_v3i1e16_fig2){#figure2}

Discussion
==========

Principal Findings
------------------

This review found that depression apps provided support on five different dimensions: therapeutic treatment, psychoeducation, medical assessment, and supportive resources. Through the iterative development of this typology and understanding of the available commercial information, the results provided some insights into the user experience of those seeking depression support through apps. Similar to a recent study by Martinez-Perez et al \[[@ref24]\], this study found that depression app seekers need to filter through 400+ apps in either the Google Play or iTunes marketplace. In context of the one million app milestone announcements by both Google and Apple in 2013 \[[@ref42],[@ref43]\], this number may suggest that the app marketplace has entered a phase of "overload" or "diseconomies of scale", where the large quantity of apps available makes it difficult for users to find the right one \[[@ref44],[@ref45]\]. The apps excluded from this study indicate that metadata may play a role in this phenomenon. Vendors may leverage the use of metadata or the keyword "depression" to increase exposure of their non-depression apps in the depression app search results. For example, one-fifth of the search yield made no mention of depression anywhere in the app title or store description. One-quarter of the search yield was excluded because the word depression was mentioned only in a "laundry list" of keywords in the app's description, not in the title. Many of these apps were white-labeled (ie, essentially identical but marketed for different purposes or under different developer names) and were evident by the identical store descriptions (see [Figure 3](#figure3){ref-type="fig"}). White labeling was primarily observed for e-book and audio therapy apps. Last, although some apps made reference to depression, their main purpose was to address a different condition (eg, weight loss or acne apps may describe how being obese or having acne may lead to depression).

Of the apps included in the study, there were three times more text-only apps than any other media category; furthermore, almost all the text-only apps with static interfaces were found in the psychoeducation app category. The reviewers found that these apps, based on screenshots and descriptions, were rudimentary in function and minimal in design. The proliferation of these apps may be a result of the low barrier to entry into the marketplace in the form of prerequisite resources and skills, thereby allowing those with minimal programming skills and resources to develop and publish their own apps \[[@ref46]\]. This finding could explain why only one-third of the 190 unique developers adequately described or indicated their affiliation and the proportionately low number of apps from formal institutions. Furthermore, only a third of the app store descriptions reported content sources. Many other app reviews \[[@ref18]-[@ref23],[@ref30],[@ref47]-[@ref51]\] have also found that the app development process often failed to involve health care professionals or academics and to include content aligned with clinical guidelines or behavior change theories or techniques. The majority of these apps were categorized under the main purposes of psychoeducation and therapeutic treatment.

The lack of apps that incorporate authoritative sources remains problematic. It has been estimated that one in five of paid apps claim to treat or cure medical ailments \[[@ref28]\]. Similar to the potential shortcomings of information found on the Internet, the information or therapies provided by apps may be incomplete or based on insufficient scientific evidence. This presents a potential health hazard for consumers who interpret this information incorrectly or try inappropriate treatments \[[@ref52]\]. For example, reading about a disease may increase health anxiety, reinforce hypochondriasis, cause unnecessary concerns, or lead people to purchase harmful drugs or engage in risky health behaviors \[[@ref53]\]. These harms, however, are often a cautionary claim, as most research on the utility of online health information has focused on the quality of information rather than its effects \[[@ref54],[@ref55]\]. Only a few studies actually reported instances of harm \[[@ref56]\]. This gap between evidence-based recommendations and app functionality continues to be a common theme across different health conditions \[[@ref20],[@ref21],[@ref47],[@ref51],[@ref57]-[@ref59]\]. Public attention has turned to these "snake oil" apps, prompted by a US Federal Trade Commission settlement involving two app developers who falsely cited a study from the *British Medical Journal of Dermatology* in their claims that the colored display screens featured in their apps could cure acne \[[@ref60]\]. The proceedings were founded on the premise of false advertising rather than public safety \[[@ref61]\]. This case has led to a call for the US Food and Drug Administration (FDA) to regulate mobile medical apps; however, there is debate about the appropriateness of this measure \[[@ref62]\]. In September 2013, the FDA issued guidance for developers of apps that perform as medical devices, defined as apps that diagnose or treat disease whereby malfunctions can carry significant risks of harm \[[@ref63]\].

Based on the app store categories used in this study, 42 apps were defined as medical; however, this category included apps that are considered innocuous, such as those that help patients organize their health information or look up information about treatments \[[@ref64]\]. Perhaps these apps would be better suited for other categories, such as health and fitness, lifestyle, and books, where more than half of the included apps were found. Apps found in these non-medical categories are considered low risk as long as they do not provide specific treatments or treatment suggestions. They may provide benefits to the patient, such as those associated with using a mood tracker to maintain a symptom diary \[[@ref65]\]. To help users navigate the app marketplace, Happtique (a subsidiary company of the Greater New York Hospital Association) developed standards for an app certification program in early 2013. Unfortunately, these efforts were brought to a halt when an audit found that 2 of the 19 Happtique-certified apps had privacy issues \[[@ref66]\]. There are other initiatives to help curate apps, such as the iMedicalApps website; however, it is a tremendous task to benchmark. Policing the quality of apps is a near-impossible endeavor that is reminiscent of the early days of appraising online health information \[[@ref67]\]. Deshpande and Jadad have found that past initiatives to assess the quality of online health information or tools had limited success and recommend that efforts be hedged towards an open, distributed, and collaborative approach similar to Wikipedia \[[@ref68]\].

![An example of white labeling where the apps have the same description but are labeled as different apps. The word depression (circled in red) is only one in a list of unrelated terms and is an example of how such lists allow non-depression apps to enter the search.](mhealth_v3i1e16_fig3){#figure3}

Evaluation
----------

The most common function of depression apps provides users with information about depression through an e-book modality. Despite the potential to translate books or bibliotherapeutic guides, only 13 of the 50 e-books cited a content source. The majority of these books were self-help guides, often with titles that claimed they would help users overcome depression. Examples include "Beat Depression", "Defeat Depression", and "Stomping Out Depression". While these non-sourced books do pose the potential to distribute erroneous or biased information to people seeking help, the Google dataset shows that two-thirds of these apps are installed less than 100 times and indicates that users do exercise some discretion before purchasing or installing apps. Nettleton et al \[[@ref69]\] suggested that users are able to make reasonable assessments of health information in the context of other health information seeking practices to complement their formal care. This behavior extends to mobile phone apps: one qualitative study found that the reputation and legitimacy of sources factor into the use of an app \[[@ref70]\]. For example, an e-book app that cited the US National Institutes of Health was downloaded within the 10,000 installs range. While promising, this finding could be confounded by the application's free status. The "Anxiety and Depression" and "Audio Book Anxiety and Depression" e-book apps, which were in the install ranges of 10,000 and 100,000, were also free. One study suggested that consumers exercise more caution when having to purchase apps than when downloading them for free due to the burden of price \[[@ref71]\]. The same study also showed that ranking, customer ratings, and content size affect downloading when the app is free. Consumers depend more on their own information and experiences rather than on rankings or ratings when the app requires payment. They closely consider low ratings, including complaints, not mean score when they have to pay \[[@ref71]\]. The relationship between price, affiliation, source, downloads, and satisfaction via ratings and comments could be a potential area to explore in future studies.

Medical assessment was the only app category with a high rate of reporting content source. All of these apps were screening tools that allowed users to self-diagnose for depression. There is an absence of published data investigating the impact of patient self-diagnosis using apps or the Internet; however, some studies have identified false positive assessments as a potential source of harm \[[@ref53],[@ref72]-[@ref74]\]. Despite this shortcoming, medical assessment apps could help to address some systemic barriers to diagnosing depression in primary care \[[@ref75]\]. Depression is often under-detected in the health care system, and the practice of routine screening is a contentious and unresolved issue \[[@ref76]\]. Medical assessment apps may help to bridge this gap by assisting individuals in identifying mental health issues, thereby providing the impetus to approach and engage their health care providers. Clarke and Yarborough described this effect as a lowering of threshold of entry-level mental health services so that it extends the reach of care to people who do not seek traditional treatment for depression \[[@ref5]\].

Audio therapy apps may have a similar potential to that of medical assessment apps \[[@ref77],[@ref78]\]. This study found that half of therapeutic treatment used audio therapy and is consistent with a recent report that found that 43% of therapeutic apps used audio for treatment \[[@ref28]\]. The effectiveness of audio therapy, regardless of mode of delivery, is not fully understood and is often under scrutiny \[[@ref47],[@ref79]-[@ref81]\]. There are many gaps in knowledge regarding the psychological effects of brainwave entrainment and hypnosis on depression \[[@ref82],[@ref83]\]. Systematic reviews \[[@ref81]\] and meta-analysis \[[@ref84]\] of existing research have found mixed results on the effectiveness of these types of interventions. A similar review of a hypnosis app found on iTunes reported that none of the 407 identified apps were tested for efficacy or were based on evidence \[[@ref47]\]; however, the study did not discuss potential harms associated with using non-evidence-based, non-evaluated apps. The authors do caution against "self-described professional titles", as certification could easily be purchased online. They also warn that certification does not mean that the individual was adequately trained.

The fourth most prevalent function of depression apps was offering behavior training or therapy, with most apps focusing on CBT. Internet-based CBT (ICBT) has shown to be an effective treatment for depression \[[@ref85]\], with the magnitude of effects depending on level of support and content of the intervention \[[@ref86]\]. ICBT is considered to be well suited for delivery through an app because it would offer users the convenience of recording and tracking their moods and context in real time, as well as accessing psychoeducational materials \[[@ref87]\]. Two-thirds of the CBT apps identified in this study had multiple purposes, which often included tracking, screening, and providing psychoeducation. In practice, one study demonstrated the feasibility of app-based CBT in treating depression, with clinical improvement in the patients \[[@ref26]\]. This app was captured in the sample and provided a very brief description mentioning the CBT program and its affiliation with a hospital; however, the raters felt it did not provide sufficient information about the intervention source. This shortcoming underscores the importance for app developers to follow a standardized reporting system to advertise the credibility of apps and to prevent empirically tested apps from going unnoticed. Similarly, it might be necessary to develop a framework that could protect both app developers and users from harm, particularly from liability associated with cases of preventable suicide.

Limitations
-----------

While the development of regulations and certification standards for assessing the quality of apps is underway, this study used the information available in the app store description (ie, developer affiliation and content source) to understand how depression apps are advertised to health consumers seeking depression apps. The information provided about affiliation and content source was accepted prima facie based on the developed inclusion criteria. The high percentage of insufficient reporting of affiliation may be an overestimation, since the developer websites were not examined to corroborate their status. Similarly, the reported content sources were not further examined. It is acknowledged that the apps themselves may contain more information and that not downloading and testing the apps is a limitation of this study. The lack of physical testing mirrors the actual user experience when making the decision to download apps \[[@ref48]\], where the information provided in the description may serve as an initial proxy measure for quality before downloading and trialing an app. It also underscores the need for a standardized app store description reporting system for vendors to refer or adhere to. With over 190 unique developers identified in our eligible sample and many more in the initial sample, consumers may not have the time to view all the developer websites to verify their affiliations. Requiring vendors to outline their affiliations, evidence base, or content source could provide potential users with enough contexts to assess the credibility of the app.

A second limitation lies in the possibility that many of the apps excluded from this study because they were not depression specific could potentially be useful for people with depression. ICBT apps are prime examples of potentially useful non-depression-specific apps. ICBT is regarded as a well-established treatment for depression, panic disorder, and social phobia, but it is also an option for 25 other clinical disorders. While ICBT apps could be the prototypical depression app \[[@ref26],[@ref88]\], non-depression ICBT apps were excluded to maintain consistency in assessing the relevance of other apps that provided an intervention (eg, binaural beats \[[@ref81]\], yoga \[[@ref89]\], spirituality \[[@ref90]\]) where a case could be made for their inclusion. To prevent confirmation biases from entering the sample, it was decided that the app was required to be specific to depression to be eligible.

This study represents a snapshot of depression apps found in Canadian app stores in March of 2013. This may be a limitation in three ways. First, the landscape of the depression market will have changed at the time of submission of this publication. Second, the findings from this study may not be representative of all the depression apps available on the global market because certain apps may be localized or licensed only to specific countries. The study by Martinez-Perez et al in Spain found over 1537 depression apps available on the five major platforms. In comparison, the current review yielded 1001 unique apps, with a large part of the discrepancy attributed to Google Play app count. Moreover, a sample of Android apps may be missing because this study was conducted just prior to the Amazon announcement \[[@ref91]\] of expanding access to its Android app store outside of the United States to Canada and 200 other countries. A quick search of the Android app store using the search term "depression" yielded 123 apps. Because development standards vary from different app stores, future content analysis studies should consider including the Amazon marketplace to understand its contributions to the app marketplace. Last, frameworks such the Self-Certification Model for Mobile Medical Apps by Health on the Net Foundation (HON) \[[@ref92]\] and App Synopsis \[[@ref93]\] became available shortly after the data extraction phase concluded (mid-2013). These models provide some important parameters that were not covered in this study (eg, data requisition and management, advertising policy, justification of claims). However, this study demonstrates that most apps would fare poorly against the aforementioned standards and delineates the need for such reporting approaches to be disseminated to mHealth developers to bring the information presented to health consumers to an acceptable level.

Conclusions
-----------

This study found that finding an appropriate depression app may be challenging due to the large quantity available. The search results yielded non--depression-specific apps to depression apps at a ratio of 3:1. Over one-quarter of the apps excluded from the study failed to even mention depression in their description or title and exemplify the role of metadata in populating the search results. The lack of reporting of organizational affiliation and content source brings the credibility into question. Whether the content is evidence-based is a whole other issue. This lack of information was most common among symptom management apps, followed by therapeutic treatment and psychoeducation apps. Only medical assessment apps, many of which were based on well-established depression questionnaires, adequately described their sources. As the app phenomenon and health consumerism continue to grow, the user's ability to find a reliable and credible app may become increasingly difficult. While efforts are underway to populate the marketplace with certifications and professional vetting, this study delineates the need for standards in reporting and for a framework to enable people with depression or other conditions to use proxy measures to assess the legitimacy of apps.
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List of included apps (N=243).


CBT

:   cognitive behavioral therapy

EPDS

:   Edinburgh Postnatal Depression Scale

ICBT

:   Internet-based cognitive behavioral therapy

ICT

:   information and communication technologies

IRR

:   interrater reliability

PHQ-9

:   Patient Health Questionnaire

SDS

:   Zung Self-Rating Depression Scale
